The effect of terrain shadow, including the self and cast shadows, is one of the main obstacles for accurate retrieval of vegetation parameters by remote sensing in rugged terrains. A shadow-eliminated vegetation index (SEVI) was developed, which was computed from only red and nearinfrared top-of-atmosphere reflectance without other heterogeneous data and topographic correction. After introduction of the conceptual model and feature analysis of conventional wavebands, the SEVI was constructed by ratio vegetation index (RVI), shadow vegetation index (SVI) and adjustment factor (f (Δ)). Then three methods were used to validate the SEVI accuracy in elimination of terrain shadow effects, including relative error analysis, correlation analysis between the cosine of solar incidence angle (cosi) and vegetation indices, and comparison analysis between SEVI and conventional vegetation indices with topographic correction. The validation results based on 532 samples showed that the SEVI relative errors for self and cast shadows were 4.32% and 1.51% respectively. The coefficient of determination between cosi and SEVI was only 0.032 and the coefficient of variation (std/mean) for SEVI was 12.59%. The results indicate that the proposed SEVI effectively eliminated the effect of terrain shadows and achieved similar or better results than conventional vegetation indices with topographic correction.
Introduction
Remote sensing vegetation indices (VI) are crucial for large-area terrestrial vegetation monitoring in comparison with traditional field-based studies (Pei et al. 2018) . Vegetation indices are typically formed using spectral transformations of two or more spectral wavebands. The most commonly used bands are near-infrared and red bands because green-vegetation reflectance is characterized by high reflectance of the near-infrared waveband and low reflectance of the red waveband (Baret and Guyot 1991) .
Thanks to their simplicity, vegetation indices are widely used in ecological monitoring, vegetation change detection, biodiversity conservation and biophysical and biochemical parameters assessments. For example, many vegetation indices were utilized to retrieve canopy chlorophyll content (Haboudane et al. 2002) , green-vegetation fraction (Bajocco, De Angelis, and Salvati 2012) , leaf-area index (Soudani et al. 2006; Tian et al. 2007; Propastin 2009; Zhang et al. 2011; Zhou et al. 2014) , photosynthetically active radiation absorbed by vegetation (Baret and Guyot 1991) , above-ground biomass (Johansen and Tommervik 2014) , net primary production (Xu et al. 2012) , and grassland drought (Gu et al. 2007 ) in different scales of terrestrial ecosystem.
A growing body of research has been conducted during the past half century to develop various vegetation indices. Some commonly-used vegetation indices include the normalized difference vegetation index (NDVI, Rouse et al. 1974) , ratio vegetation index (RVI, Jordan 1969) , global environment monitoring index (GEMI, Pinty and Verstraete 1992) , three-angle-indices (TAI, Fassnacht, Latifi, and Koch 2012) , enhanced vegetation index (EVI) and EVI2 (Huete and Liu 1994; Jiang et al. 2008) , atmospherically resistant vegetation index (ARVI) (Kaufman and Tanré 1992) and the green ARVI (Gitelson, Kaufman, and Merzlyak 1996) , and soil-adjusted vegetation index (SAVI) and its variations (Huete 1988; Qi et al. 1994; Rondeaux, Steven, and Baret 1996; Gilabert et al. 2002) . What is more, the global moderate resolution imaging spectroradiometer (MODIS) NDVI and EVI products were designed to provide consistent spatial and temporal comparisons of vegetation conditions and continuity for time series historical applications (Waring et al. 2006; Qiu et al. 2016) .
However, vegetation indices have their limitations and flaws that have been studied and documented. For instance, the saturation problem is a prominent constraint of NDVI, although it is extensively used in ecosystem monitoring and other remote sensing applications. The sensitivity of NDVI to biophysical quantities, such as vegetation fraction and leaf area index, is increasingly weakened with increasing vegetation densities beyond a threshold (Gitelson et al. 2002; Liu, Qin, and Zhan 2012; Gu et al. 2013) . Actually, remote sensing images are subject to distortion as a result of sensor, solar, atmospheric, and topographic effects, so preprocessing and correction of vegetation indices are required to minimize these effects for a particular application (Peng et al. 2016; Young et al. 2017) . Notably, some indices with correction factors have been developed, such as the SAVI and its variations for soil background effects (Huete 1988; Qi et al. 1994; Rondeaux, Steven, and Baret 1996; Gilabert et al. 2002) , ARVI and its variation for atmospheric effects (Kaufman and Tanré 1992; Gitelson, Kaufman, and Merzlyak 1996) , and EVI/EVI2 for both soil and atmospheric influences (Waring et al. 2006) .
Terrain shadow effects widely exist in rugged terrains. Band-ratio indices (Holben and Justice 1981; Colby 1991; Matsushita et al. 2007; Liao, He, and Quan 2015) and the topography-adjusted vegetation index (TAVI) (Jiang, Wu, and Wang 2010) can reduce the terrain shadow effect to some extent with varying degrees of stability. The effect of terrain shadows, including self shadows and cast shadows (Gilis 2001; Yao and Zhang 2006; Zhou et al. 2014; Li et al. 2016) , is the major obstacle to retrieve vegetation parameters accurately in rugged terrains (Burgess, Lewis, and Muller 1995; Deng et al. 2007; Tian et al. 2007 ). More vegetation indices with the capability to reduce or eliminate the shadow effect are needed. Therefore, the objectives of the study were to (1) develop a vegetation index named shadow-eliminated vegetation index (SEVI) to remove self and cast shadow effects in rugged terrains; (2) validate the elimination accuracy of terrain shadow effect of different correction models for self and cast shadows; and (3) compare the proposed SEVI with the traditional digital elevation model (DEM)-based topographic correction models for removal of cast shadow effects.
Research area and data

Data source and pre-processing
A Landsat8 Operational Land Imager (OLI) multispectral scene (119042), acquired on 13 December 2014 with a sun elevation of 36.85°and a sun azimuth of 155.27°, was downloaded and used in this study (left in Figure 1 ). Other reference data included ASTER GDEM V2 from the same site. The data sets were provided by Geospatial Data Cloud site, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). The data pre-processing procedure also involved the calculation of top-of-atmosphere (TOA) reflectance of the whole image.
Field survey area
In order to improve the study practicality, a field survey was conducted on 14 December 2015 in the area with geographical boundaries of 119°25 ′ 7 ′′ -119°31 ′ 27 ′′ E and 26°6 ′ 35 ′′ -26°12 ′ 15 ′′ N (top right in Figure 1 ). The surveyed mountainous region contains slopes ranging from 0°to 50°with an average of 23.44°and a standard deviation of 10.34°. It is also mainly covered by ecological forests with outstanding self and cast shadows and sunny slopes without shadow. So, a subarea with six main landcover types, including water, cement roads, bare soil, vegetation in flat areas, vegetation on sunny slopes, vegetation on shady slopes, was selected for in-depth analysis (bottom right in Figure 1 ).
Methods
Conceptual model
A common terrain shadow effect can result in the phenomena of 'the same spectrum for different objects' and 'the same object with different spectra' on the slopes oriented away from or towards the sun. Especially, the reflectance for vegetation retrieved from remote sensing images is decreased dramatically in terrain shadows, including the self shadow and cast shadow (Gilis 2001; Zhou et al. 2014; Li et al. 2016 ). In the context of a terrain radiative transfer model (Sandmeier and Itten 1997) , the total pixel band irradiance in a rugged terrain includes direct solar irradiance, diffuse irradiance and adjacent terrain reflective irradiance. Diffuse irradiance is generally regarded as isotropic; therefore, their values are the same for slopes oriented both away from and towards the sun. However, the direct solar irradiance and adjacent terrain reflective irradiance are anisotropic (radiant directionality); therefore, their values distort for slopes of different orientations with respect to the sun and the adjacent terrain obstruction. Slopes oriented away from the sun become shady (shady slopes or self shadows) when their slope angle is larger than the sun elevation, while some slopes oriented towards the sun with higher mountains obstructed in the solar incidence direction also become shady (cast shadows) (Figure 2 ). In the perspective of topographic correction based on DEM, the band irradiance distortion in cast shadows cannot be eliminated but enlarged, because the irradiance on the slopes oriented towards the sun is always depressed according to the cosine of the solar incidence angle (cosi) (Li et al. 2016) .
Accordingly, vegetation indices computed from these wavebands have some distortion (Δ VI ) with a reduction on terrain shadows, because the percentage change in the band total irradiance on the terrain shadows is different among spectral bands. Therefore, to eliminate terrain shadow effects, the vegetation index without terrain shadow effects can be modeled as:
where VI and VI ′ are the vegetation index values with and without terrain shadow effects, respectively, and Δ VI is the vegetation index value distortion resulting from terrain shadow effects.
An ideal vegetation index would be capable of rectifying this distortion by adding vegetation information on terrain shadow areas and suppressing vegetation information on sunny slopes without shadows while retaining vegetation information in flat surfaces. Suppose the ideal vegetation index named the shadow vegetation index (SVI) may rectify the distortion Δ VI ,
and a special conventional vegetation index (CVI) can be used to retrieve the information of VI ′ . Then a shadow eliminated vegetation index (SEVI) model that can eliminate terrain shadow effects would have the following form:
where f (Δ) is an adjustment factor to adjust the CVI and the corresponding SVI ratio to avoid under-elimination or over-elimination. Thus, the construction or selection of specific CVI and SVI become the first crucial step.
Band feature analysis
The sample data for the six land covers in the field survey area were selected manually on the image, and the average TOA reflectance values in red and near-infrared wavebands of every land cover sample were calculated and illustrated in Figure of these two bands are different; however, they have the common property of exhibiting higher TOA reflectance values for vegetation on sunny slopes than those for vegetation on shady slopes. Moreover, the near-infrared TOA reflectance decreased more significantly from sunny slopes to shady slopes than that of the red waveband, which is the reason that conventional vegetation indices based only on simple band-ratio models cannot effectively eliminate terrain shadow effects.
Calculation and analysis of vegetation indices
The RVI is a simple, basic band-ratio index and a good indicator of LAI (Filella and Penuelas 1994) , so it has the primary features of the proposed SEVI and becomes the first selection to construct SEVI. RVI is calculated as:
where RVI is the ratio vegetation index, B nir is the reflectance of the near-infrared band, and B r is the reflectance of the red band. In order to explain the vegetation index response to the terrain shadow effects, the points of vegetation on shady slopes and sunny slopes without shadows were analyzed (Figure 3 right). It is evident that the RVI of vegetation on shady slopes is much lower than that on sunny slopes without shadows because the reflectance of the near-infrared band decreases much more than that of the red band from the sunny slope without shadows to the shady slope (Figure 3 left) .
Based on a detailed analysis of the reflectance of the red waveband, the most important finding is the inverse function of the red band reflectance, which represents the various land-cover features in the following order: vegetation on shady slopes > vegetation in flat areas > vegetation on sunny slopes > bare soil > water > cement roads. This inverse function of the red waveband amplifies the vegetation signal on shady slopes, so it is used to represent the shady vegetation index (SVI) that is calculated as: Note: bands #1-2 represent red and near-infrared wavebands, respectively (left); slopes #1-2 represent vegetation on shady slopes and sunny slopes without shadow, respectively (right).
The SVI value of vegetation on shady slopes is much higher than that on sunny slopes without shadow and complements the RVI (Figure 3 right) . Meanwhile, it also conforms to the ideal SEVI model described in Equation 3. Therefore, the SEVI was constructed using RVI and SVI (Equation 6), both of which have a common denominator of the red waveband. Equation 6 meets the requirements of the conceptual SEVI in Equation 3.
Adjustment factor calculation model
Most vegetation covers adjacent to shady and sunny slopes in rugged terrains are usually homogenous. Then, the mean vegetation information value of shady slopes is equal or similar to that of sunny slopes. Supposed that the ideal SEVI has the balanced linear correlations with the RVI and SVI respectively, an optimization algorithm for f (Δ) can be carried out as follows:
(1) Calculate the correlation coefficient r 1 between SEVI and RVI (Equation 7) and r 2 between SEVI and SVI (Equation 8).
where x is SEVI, y 1 is RVI, y 2 is SVI and n is the number of pixels in the subarea image. (2) Let f (Δ) vary from 0 to 1 with a fixed step of 0.001 and evaluate the difference between r 1 and r 2 .
When the difference between them reaches minimum (Equation 9), the optimized f (Δ) is determined.
Therefore, it is important to select the representative subarea, which meets the requirements for the determination of the optimized f (Δ). Combined with the field investigation and expert knowledge, the subarea with apparently rugged terrain and vegetation homogeneity was selected to calculate the suitable f (Δ) value (bottom middle in Figure 1) . Finally, the optimized f (Δ) = 0.581 was adopted to calculate the SEVI for the research area (Figure 4 ).
Validation
To validate the accuracy and effectiveness of SEVI in eliminating terrain shadow effects, three different methods were used, including the relative errors assessment of sample data, correlation analysis between VI and cosi, and contrast analysis of SEVI with conventional vegetation indices and correction models. Every set of sample data contained self shadows, cast shadows and adjacent sunny slopes without shadows in the whole scene. Three conventional vegetation indices were selected, including NDVI, RVI and EVI2, which are calculated with red and near-infrared reflectance and used extensively in vegetation parameters monitoring. The C topographic correction model and the atmospheric correction model of the second simulation of the satellite signal in the solar spectrum (6S) were introduced for contrast assessment. In practice, these three validation methods were jointly used.
Sample preparation
The three types of covers for self shadows, cast shadows and adjacent sunny slopes without shadows were selected according to the following computation methods.
(1) Self shadows. A pixel is classified as a self shadow if its slope angle oriented away from the sun is greater than the sun elevation angle. So the triangular model was used to extract self shadows from the following equations:
tan j . tang (11) where σ is the slope angle, β is the aspect angle, ω is the solar azimuth angle,γ is the sun elevation angle, and ξ is the slope angel oriented away from the sun. The values of σ and β were computed from DEM data, and the values of γ and ω were taken directly from the header files of the image. (2) Cast shadows. A shady pixel was labeled as a cast shadow when its slope angel is less than the sun elevation angle, regardless of the pixel aspect angle. So, the cast shadow samples were selected from the shadow area with slope angles less than 36.85°. (3) Sunny slopes without shadows. The sunny slopes without shadows, adjacent to the self and cast shadows, were chosen manually.
Finally, 532 sets of sample data including self shadows, cast shadows and sunny slope without shadows were selected from the whole image scene, based on the homogenous vegetation covers in every set of sample. Then the shape file of the 532 sets of samples was prepared to validate the SEVI performance in elimination of terrain shadow effects (red polygons in left of Figure 1 ).
Correction models
The conventional topographic correction models based on DEM include the Cosine, C, SCS (Suncanopy-sensor) and SCS + C models (Teillet, Guindon, and Goodenough 1982; Gu and Gillespie 1998; Soenen, Peddle, and Coburn 2005 ). The C model, which takes into account the overcorrection of low illuminated slopes, is utilized widely (Riano et al. 2003) , so it was adopted in this study. On the other hand, the 6S atmospheric correction physical model, as a good radiative transfer model, can accurately atmospherically correct an image's digital numbers (Claverie et al. 2015) . Therefore, the 6S model combined with a look-up table (Peng et al. 2016 ) was utilized to produce the comparable corrected surface reflectance for red and near infrared bands.
The C-model is calculated as:
where L H is the reflectance observed for a horizontal surface, L T is the reflectance observed over an inclined surface, and c, which equals the quotient of the intercept b and the inclination a of the observed empirical linear correlation between L T and cosi, is assumed to be constant for a given wavelength.
Conventional vegetation indices
The commonly used vegetation indices NDVI, RVI and EVI2 were used to represent the vegetation information of the research area. The NDVI is calculated as
The EVI2 is calculated as EVI2 = 2.5 × B nir − B r B nir + (6 − 7.5/2.08) × B r + 1 .
The NDVI, RVI and EVI2 were computed from the original TOA reflectance and the corrected reflectance from the C and 6S + C models, while the SEVI was calculated directly from the TOA reflectance only.
Results
Comparison of vegetation indices
The three vegetation indices, NDVI, RVI and EVI2, and the proposed SEVI for the whole image were computed. Figure 5 shows these vegetation indices for the research area to better illustrate the effect in elimination of terrain shadows. The NDVI, RVI and EVI2 calculated from the TOA reflectance had strong a relief effect visually ( Figure 5(a-c) ), while the indices from the C corrected image achieved a better impression of relief reduction ( Figure 5(d-f) ). The NDVI, RVI and EVI2 computed from the 6S + C combined correction showed different relief effects for flat features ( Figure 5(g-i) ). Notably, the SEVI from TOA reflectance exhibited overall flat features, in which the impression of relief was drastically reduced and a high similarity with the NDVI from 6S + C corrected data was achieved ( Figure 5(j and g) ).
Validation via a comparison of self and cast shadows
The plots of all the vegetation indices for the 532 sets of selected samples are shown in Figure 6 . Clearly, the NDVI, RVI and EVI2 values in both self and cast shadows, which were directly calculated from TOA reflectance, were lower than those in sunny slopes (Figure 6(a-c)) . After the C model topographic correction, these vegetation indices in self shadows were corrected and almost reached to the level in sunny slopes, while the vegetation indices in cast shadows were not corrected as much as in the self shadows (Figure 6(d-f) ). Finally, after combined corrections of 6S model and C model, these vegetation indices both in self and cast shadows were obviously recovered and close to the level in sunny slopes, though the values for cast shadows were still a little low (Figure 6(g-i) ). In contrast, the SEVI, calculated directly from the TOA reflectance, achieved almost the same result in elimination of terrain shadow effects in both self and cast shadows with very similar values in sunny slopes (Figure 6(j) ).
In order to further describe the elimination effect quantitatively in both self and cast shadows, the relative error (E) of corrected self shadow and cast shadow vegetation information was calculated. The relative error was computed as the following:
where VI shadow is the vegetation indices in self shadow or cast shadow, VI sunny is the vegetation indices in adjacent sunny slopes without shadows. The relative error statistics are presented in Table 1 . The relative errors of both self and cast shadows in NDVI, RVI and EVI2, computed from the TOA reflectance, were approximately equal to or greater than 60%, indicating that the terrain shadow effect is remarkable in the research area before any correction. After C model topographic correction, the relative errors of NDVI, RVI and EVI2 in self shadows declined to about 8.20%, 15.73% and 4.58%, respectively, but the relative errors in cast shadows were three times higher than those in self shadows, with respective values of 40.91%, 49.54% and 61.04%. These contrasting results validated the opinion that the topographic correction models based on DEM, such as the C model, lose their efficacy in cast shadows to a certain extent. As for the 6S + C combined corrected data, the NDVI achieved the lower relative errors both in self and cast shadows with about 6.52% and 18.01% respectively, whereas, the errors in cast shadows were still nearly three times higher than those in self shadows. The errors in cast shadows for RVI and EVI2 were relatively high with the values of 38.91% and 23.57%, respectively. These error values indicated that the accuracy of vegetation indices in elimination of cast shadows would improve when atmospheric correction was applied before topographic correction, but it was still lower than that in self shadows. In general, the traditional topographic corrections based on DEM inevitably lose their efficacy in elimination of cast shadows, even though it was combined with atmospheric correction. In comparison, the SEVI relative errors for both self and cast shadows were only 4.32% and 1.51%, respectively, which were much lower, especially for cast shadows, than those calculated from atmospheric and topographic corrected data.
Validation via a correlation analysis between cosi and VI
Correlation analysis between cosi and vegetation indices is a classic method to evaluate the elimination result of terrain shadow effects. The cosi is calculated as follows
where i is the solar incidence angle, defined as the angle between the normal to the ground and the sun's rays, σ is the slope angle, β is the aspect angle, θ is the solar zenith angle, and ω is the solar azimuth angle. The values of σ and β were computed from DEM data, and the values of θ and ω were taken directly from the header files of the image. The 532 sets of cosi samples were calculated based on the sample shape file and cosi layer image. The scatter plots of cosi and vegetation indices are given in Figure 7 , in which the points include the samples in self shadows (blue), cast shadows (red) and sunny slopes without shadows (black). From the scatter plots, the three types of samples were clearly separated. Firstly, the points in self shadows (blue) were separated by the line (cosi = 0.0) from those in cast shadows and sunny slopes, indicating that the sample definitions of self shadows (Equation 10 and 11) and cast shadows are correct. Actually, the cast shadows are located in the flat area or the slopes shaded by the higher mountain (slope > sun elevation) in the solar incidence direction. Secondly, the linear regression analysis of samples showed that the NDVI, RVI and EVI2, calculated from the TOA reflectance, had high correlations with cosi, with coefficients of determination (r 2 ) of 0.652, 0.642 and 0.691, respectively (Figure 7(a-c) and Table 2 ). Owing to the terrain shadow effects, the sample NDVI, RVI and EVI2 were dispersive with coefficients of variation (Std/Mean) of 48.20%, 52.97% and 87.58%, respectively. However, after C-model correction, the three types of sample points changed in vegetation index values with much more increasing in self shadows than in cast shadows and close to the values in sunny slopes without shadows and Table 2 ). The linear correlations for the three vegetation indices changed from strong to weak with respective r 2 of 0.017, 0.035 and 0.001. The coefficients of variation of the three vegetation indices were reduced to 22.95%, 34.31% and 42.81%, respectively. As for the 6S + C combined corrections, the locations of the three types of points were further changed with values in cast shadows increased to the level of self shadows and sunny slopes and Table 2 ). The linear relationships for NDVI, RVI and EVI2 were reduced with r 2 of 0.030, 0.033 and 0.033, respectively, while the coefficients of variation were changed to 12.80%, 33.82% and 17.12%, respectively. Finally, the SEVI values in the three types of samples were very similar with a r 2 of 0.032 with cosi and a coefficient of variation of 12.59% (Figure 7 (j) and Table 2 ). It can be seen from these scatter plots and the coefficient of variation that the SEVI can achieve the same result as NDVI after 6S + C correction in elimination of topographic shadow effects.
Discussion
(1) As a special vegetation index to remove terrain shadows effects, the SEVI achieved the accurate vegetation information by eliminating the effects from both self and cast shadows in rugged terrains with similar result from NDVI after 6S + C combined corrections. The SEVI was only calculated from the red and near-infrared wavebands without other heterogeneous data, while the 6S model and C model depend on the complicated atmospheric parameters and DEM data. Moreover, the DEM-based correction models, such as the C model, cannot achieve the satisfactory result in cast shadows as in self shadows. As for the improvement of SEVI, the combination model and the adjustment factor f (Δ) are two important aspects. The f (Δ) is the key and also the bottle neck to SEVI computation. The correlation coefficient-based algorithm presented in this paper is an empirical method and calculation accuracy depends on the terrain complexity and the proportion between the shadows and sunny slopes in the sample area. So the sample area for calculating f (Δ) is suggested to be selected from areas with high slopes and equal proportions between shadows and sunny slopes. The accuracy of the computed f (Δ) value also needs to be validated before its application in vegetation monitoring in large geographic regions. In the next step, a novel f (Δ) algorithm will be developed based on semi-physical or physical models and sun angles to calculate the global optimal value other than the local optimal value. On the other hand, the ratio and linear combinations are two basic forms of vegetation indices. The present SEVI combination model belongs to the linear combination form, so the CVI selection and SVI modification will be studied further. The ratio combination form can be evaluated in the development of the next version of SEVI. (2) The evaluation and selection of suitable vegetation indices is an important preprocessing step before the use of them in specific research targets and areas. Different vegetation indices have their own specific functions and features, including the advantages and disadvantages in retrieval of vegetation parameters in given cases. The SAVI and its serial improvements take effect in reduction of the soil background interference, while the ARVI and its variations are suitable for removal of atmospheric effects. The NDVI is a universal vegetation index and applied extensively, however, the saturation problem should be evaluated when it is used in high density vegetation areas. As for the application of vegetation indices in forests with rugged terrains, the accuracies in elimination of self and cast shadows effects should be firstly evaluated. Notably, the SEVI computed directly from the TOA reflectance is a good and simple solution. To sum up, the suitability and practicality of vegetation indices applied in rugged terrains should be assessed as a whole in the context of terrain shadow effect, saturation constraint, computation model complexity, input parameters, raw data accessibility and additional data error probability. Therefore, the SEVI is a novel option in retrieving vegetation information in rugged terrains within dense vegetation. (3) The systematic validation methods are important to assess the novel vegetation index in elimination of terrain shadow effects in rugged terrains. The correlation analysis between cosi and vegetation indices is the traditional and classic method to validate shadow elimination, but it is not robust enough. As the scatters plots shown in Figure 7 , the NDVI, RVI and EVI2 calculated from C topographic corrected data had low coefficients of determination with cosi but they cannot practically remove the shadow effect in cast shadows. Therefore, the coefficient of variation of vegetation indices can be combined with the correlation analysis to evaluate the performance of vegetation indices in elimination of self and cast shadow effects. Only with low coefficient of variation of vegetation indices and coefficient of determination between cosi value and vegetation indices can the result be validated in elimination of topographic shadow effects in rugged terrains. In addition, the relative error assessment of sample data in self and cast shadows and adjacent sunny slopes without shadows, and comparison of conventional vegetation indices and correction models are also important validation methods. In practice, all three validation methods are recommended to be used to achieve reliable results. (4) The conventional topographic correction models based on DEM can easily lose their efficacy in cast shadows. The models, such as Cosine, C and SCS + C, are mainly based on the cosi, so the terrain shadow effect in self shadows are easily removed by these models, while the terrain shadow effect in cast shadows are difficult to eliminate. Actually, the vast majority of cast shadows are located in the flat area or the slopes oriented towards the sun but are shaded by the higher mountain (slope > sun elevation) in the solar incidence direction. The relative errors of NDVI, RVI and EVI2 in cast shadows, computed from the C model even combined with the 6S model, were validated several times higher than those in self shadows in this study (Table 1) . Therefore, the lost efficacy in cast shadows of conventional DEM-based topographic correction models can't be ignored. Accordingly, the elimination accuracy of the cast shadow effect should be considered in the development of better DEM-based topographic correction models in the future.
Conclusions
The exploration of vegetation indices is an important topic in remote sensing research. Although great progress has be made in the past half century, vegetation indices still have room for development to reduce the distortions as a result of sensor, solar, saturation, atmospheric and topographic effects. The proposed SEVI in this study was calculated from only red and near-infrared apparent reflectance without other heterogeneous data. It can produce accurate vegetation information with elimination of terrain shadow effects in both self and cast shadows. The SEVI is better than the conventional DEM-based topographic correction methods, such as the Cosine, C, SCS, SCS + C and 6S + C models, in removal of the terrain shadow effects, especially in cast shadows, and it also avoids additional errors from other heterogeneous data. The next step for future research will be to develop a better algorithm to determine f (Δ) based on the physical or semi-physical principles. The SEVI and future improved versions of it will also be applied to evaluate vegetation parameters in rugged terrains, such as the vegetation fraction, leaf area index, net primary productivity, and monitor ecological reservation change, and human disturbance.
